We have identi®ed independently folding units, so called``foldons'', from non-homologous proteins representing different folds. We applied simple statistical arguments in order to estimate the size of the foldon universe required to construct all foldable proteins. Various alignment procedures yield about 2600 foldons in the natural protein universe but this estimate is shown to be rather sensitive to the chosen cut-off value for structural similarity. We showed that foldon matching-modelling can reproduce the major part of the main chain of several proteins with a structural similarity measure Q-score of about 0.4 and an r.m.s. error of about 5 A Ê , although the accuracy of structure prediction has been limited so far by the small size of foldon data set. The prediction score may be increased if one uses the set of protein fragments with optimized sequence-structure relationships, in other works, minimally frustrated segments. To quantify the degree of frustration of the structures of foldons from our database, we searched for those foldons which recognize their own sequence and structure upon threading. As a result we found that about half of the foldons from our data set recognize themselves as the best choice upon threading and therefore are individually minimally frustrated. We showed that there is a close connection between the Qscore of self recognition and the relative foldability (Â) of the folding units. Foldons having high Q-score and Â values are expected to be formed in the early phase of the folding process and be observed as stable intermediates under appropriate experimental conditions.
Introduction
The complexity of protein sequence and structure and their relationship would be much easier to understand if proteins could be decomposed into parts. Independently folded regions of various sizes have been found experimentally (Wetlaufer, 1981; Murphy et al., 1992; Griko et al., 1992; Ikura et al., 1993; Kippen et al., 1994; Jennings & Wright, 1993) as well as investigated by different computational methods (Segawa & Richards, 1988; Holm & Sander, 1994; Hirst & Brooks, 1995) . In our recent work we used an optimized data-based energy function and the concept of minimal frustration (Bryngelson & Wolynes, 1987) to de®ne independently folding units, which we call`f oldons'' (Panchenko et al., 1996) . According to our algorithm foldons may be characterized as contiguous chain segments that maximize the relative foldability measure, Â arising from intra-foldon interactions. The relative foldability can be expressed as ÁE/dE N p and can be estimated using the energy landscape analysis of protein folding, which argues that folding most readily occurs when correctly folded states are highly stabilized with respect to all alternatively folded states. Here, ÁE is the energy difference between the correct folded state and the mean of the distribution over misfolded compact structures; dE is the standard deviation of the distribution over misfolded states.
Several studies on the classi®cation of structures of proteins and domains (Orengo et al., 1994; Islam et al., 1995; Sowdhamini et al., 1996; Murzin et al., 1995; Fischer et al., 1995) have shown that similarities in structure and topology are most evident at the level of domains rather than entire proteins, and that conformational motifs recur with very high frequency. Using potentials of mean force, Wodak and co-workers have argued that some short segments have a particularly high correlation between their sequence and structure correspond well to the sites that form early during folding (Rooman et al., 1991 (Rooman et al., , 1992 . Preliminary studies of foldon structures show that some of them are structurally similar to each other and may thus have the same evolutionary origin. Knowledge of structural and evolutionary relationships between foldons would be of great use in understanding the protein folding process and the origin of protein structural complexity. Here we attempt to determine the number of different kinds of foldons required to construct all foldable proteins. To this end we ®rst make structural comparisons of foldons and extract structurally similar ones from our original data set. It is important to note that foldon boundaries, unlike structural domains, depend on the sequence of the protein. Therefore, domains de®ned by purely structural criteria may differ from the foldons of a given protein in size and structure.
Another characteristic of foldons, which can be used in classi®cation, is their relative foldability Â. Foldons with large Â should, in general, exhibit some of the properties of whole proteins such as an ability to fold independently and to recognize their own sequence and structure in threading algorithms. In most energy-based alignments the sequence of an entire protein recognizes its own structure as being the lowest energy alignment (Hendlich et al., 1990; Bryant & Lawrence, 1993; Jones et al., 1992; Huang et al., 1995; Koretke et al., 1996; DeBolt & Skolnick, 1996) . This indicates that the sequence of a protein ®ts its own structure rather well. The situation in which long-range interactions do not contradict short-range interactions, i.e. secondary structure propensities are consistent with the tertiary interactions, has been called the``consistency principle '' (Go, 1983) . This, in turn, has motivated the more general principle of minimal frustration (Bryngelson & Wolyes, 1987; Bryngelson et al., 1995, and references cited therein) . Conceptually, the original version of the consistency principle, would seem to require that any division of such a protein into smaller parts produce subunits with consistent interactions. The energy and structure of these subunits should be the same in isolation and within the mean ®eld of the native protein, provided the interaction with the solvent does not dominate. Experimental data show that some of the protein fragments do in fact retain their native structure when isolated from the zest of the protein and can fold reversibly and independently into the native state (Wetlaufer, 1981; Griko et al., 1992; Ikura et al., 1993; Kippen et al., 1994) . On the other hand, the structure of some protein fragments is distorted upon isolation, and consequent cleavage of the polypeptide chain can produce segments whose stable conformations have low structural similarity to their conformations in the native state (Wetlaufer, 1981; Gay et al., 1995) . This indicates the existence of frustration of the local in sequence interactions within these protein segments by the interaction with the rest of the protein.
There are different ways to overcome frustration during folding. In many models of kinetically foldable proteins (Bryngelson & Wolynes, 1987 , 1989 Onuchic et al., 1995; Leopold et al., 1992 ) the driving force for folding largely resides in tertiary interactions alone, which start to dominate over local interactions as folding proceeds. In view of this, the consistency principle required generalization and more quantitative formulation which is provided by the energy landscape theory. In this theory interactions that stablize native con®gur-ations over others lead to a folding funnel, resulting in fast folding either by a downhill mechanism or by a mechanism involving activation to a transition state with a relatively low barrier. The competition between self-organization of folding in the main funnel and the kinetic trapping in subsidiary funnels, occurring obligatively at a local glass temperature, largely determines the overall rate of the folding process. Folding can be very fast if the folding temperature T f is much greater than glass temperature T g . Under these conditions we havè`m inimal frustration''. Minimal frustration quanti®es the extent to which all interactions work together to produce a folded, rather than a misfolded structure and implies smoothness of the energy landscape and relatively high rates of protein folding. Uncertainty about the con®gurational entropy of molten globule states makes it dif®cult to give a precise value for T f /T g , but if entropy is extensive in chain length, T f /T g , is a monotonically increasing function of Â. Thus, the principle of minimal frustration allows us to estimate quantitatively how fast a protein segment with partially consistent internal interactions can fold into its native state. If several segments have large Â values, this implies that these non-contiguous segments may appear as stable intermediates in the protein folding.
The overall smoothness of the energy-landscape as well as the stability of proteins are probably the result of a long evolutionary process. If these factors represented the main selection pressure of evolution and were strong enough, the protein molecules could have become very stable, quickly foldable, perfectly unfrustrated systems. However, there are other selection pressures, namely that foldable proteins should carry out speci®c functions and should interact properly with other components of the cell.
In the ®rst section of this paper we determine the number of different kinds of foldons required to construct all foldable proteins. To this end we ®rst make structural comparisons of many foldons and extract structurally similar ones from our original data set. In the second section we check whether our foldon data set is large enough to rebuild the backbones of proteins and evaluate the accuracy of the prediction using foldon matching modelling. In the last part of this paper we study how frustrated the structures of foldons from our representative data set really are. In order to do this we search for foldons which recognize their own sequence and structure upon threading. This gives us an opportunity to understand what extent the``consistency principle'' of local versus non-local interactions is the dominant mode of achieving minimal frustration used by evolution.
Results
Criterion for foldon structural similarity It can be seen from the distribution of Q-scores ( Figure. 1) that distributions for both sequencesequence as well as sequence-structure alignments overlap each other in the neighborhood of Q % 0.2. Alignment of randomly permuted sequences of target foldons with template structures yields a mean Q-score value 0.15(AE0.09). As shown on Figure 1 starting from the value Q > 0.3 there is an excess of numbers of matches for sequence-structure alignment compared to sequence sequence alignment. This indicates that for Q > 0.3 sequence-structure alignment is able to discriminate structurally similar foldons with low sequence identity from the random matches of non-similar foldons with low sequence identity. A precise cut-off value for the Q-score is dif®cult to determine. Visual examination of the structures of foldon pairs with Q % 0.3 shows that although many structures are very similar, others are not. Thus, Q 0.3 can be used as a cut-off value only ®tfully.
In order to ®nd a more appropriate cut-off value we compared structures of 25 homologous proteins from the globin family. The maximum of the Qscore distribution for this data set is positioned at Q 0.42, and we used this value as the cut-off for most of our studies. This cut-off corresponds to r.m.s. deviations less than 5 A Ê and is in agreement with the r.m.s. threshold % 5.25 A Ê obtained for 40 residues long a-turn-a motifs (Wintjens et al., 1996) . Using this cut-off value most of the homologous proteins are classi®ed as identical. According to our similarity criterion two foldons A and B are assumed to be structurally identical if the Q-score is greater than 0.42 for both alignments: alignment of sequence A with the structure B and alignment of sequence B with the structure of foldon A. Using this criterion we are able to eliminate the dependence of the Q-score on the number of residues of the target sequence and avoid matches comprising small number of residues. Our algorithm considers only alignments of segments of similar length as a good match, and foldons with signi®cantly different length are assumed to be different. In most cases the lowest energy alignment corresponds to the alignment of the entire target foldon and only in a few cases the best alignment may leave up to three residues uncovered at the end of the target foldon.
Estimated size of the foldon universe
We ®rst address the question of how many structurally different kinds of foldons are present in our data set. In order to ®nd structurally similar foldons we made 35,910 (190 Â 189) pair-wise foldon comparisons based on sequence-sequence and sequence-structure alignments with no gaps allowed (see Table 1 ). That is to say, the sequence of each foldon was aligned to both the sequence and the structure of all other foldons from our data set. As a result of foldon alignments, seven foldon pairs and no triplets were found at the Q 0.42 level using either the original energy functions or self-consistently optimized energy functions. For comparison, at the level of Q 0.3 we obtain 35 foldon dublets and 28 triplets. Two examples of structurally similar foldon pairs with different Q-scores are presented in Figure 2 (a) and (b).
In order to estimate the number of different kinds of foldons in the underlying set of proteins, we assume that the underlying set of foldons of size N is randomly mixed and each foldon has the same probability of being found in any protein. Then, the probability to observe any foldon duplet in the sub-set would be 1/N. If we select from the underlying set of foldons a sub-set of size n, then the number of possible foldon pairs occurring upon foldon pair-wise comparison would be n(n À 1)/2. The number of matches representing pairs of the same kind of foldon can be estimated as n(n À 1)/2N which yields about 2600 foldons in the universe. The very generous cut-off Q 0.3 would yield a smaller size N % 200 to 500 foldons. The approximation we used regarding uniform distribution of protein-folds is rather rough. A more re®ned argument should take into account that different families of protein-folds are not equally populated (Orengo et al., 1994) . It is worth Figure 1 . Distribution of Q-scores for two types of alignment: genetic alignment based on the Smith-Waterman alignment algorithm with Dayhoff scoring matrix (shaded boxes), sequence-structure alignment with the original energy functions (opened boxes). Similar results were obtained using the self-consistently optimized energy function. Inset: right tail of the same distributions in enlarged scale. The sequence of each foldon was aligned to the sequence-structure of all foldons from the data set except the target foldon.
The Foldon Universe noting that the size of the foldon universe obtained in the present work is somewhat smaller but of the same order as the size of exon universe (1000 to 7000). This argues in favor of the idea that exons and foldons were once related, although in some cases the same foldon may be encoded by different exons as a result of a convergent evolution process.
Is the current foldon data set complete enough for structure prediction?
Several attempts have been made to use information about the structure of protein fragments in order to guide the conformational search procedures for complete native structures (Bowie & Eisenberg, 1994; Srinivasan & Rose, 1995) . Prediction by recognition of known structures of protein fragments based on sequence-structure alignment algorithms (Bowie et al., 1991; Jones et al., 1992) looks for short fragments compatible with the segment of sequence to be folded. A set of fragments with optimized sequence-structure relationships would therefore be of great use in solving this problem.
In order to check whether our foldon data set can be used for protein structure prediction, we threaded the sequence of several proteins through the structures of foldons from our data set. We then chose those foldons which have the highest Q-score with the native structure of the target protein. As a result about two-thirds of the sequence of most of the target proteins were covered with overlapping foldons having Q > 0.42, whereas another part of the sequence remained structurally uncovered. The ®nal model structure of the target sequence can be obtained by using the modelling technique implemented in QUANTA as described by Sali & Blundell (1993) . According to this algorithm, the comparative modelling occurs by satisfaction of spatial restraints on the unknown sequence. The spatial restraints are obtained by multiple alignment of the target sequence with overlapping foldons with Q > 0.42 and are de®ned in the terms of a probability density function. Optimization of the probability density function is implemented in the program MODELLER. We applied MODELLER to rebuild the structure of phage 434 Cro protein. We chose this protein since it has very low sequence identity even with its closest homologs. The model backbone structure for the major part of the sequence of 434 Cro protein (residues 27 to 65) obtained by alignment of its sequence with the structures of seven foldons from our data set is presented in Figure 3 . The model structure obtained has an r.m.s. error of 4.8 A Ê with respect to the native structure, and the Q-score is equal to 0.37. The model structure is not as accurate as an X-ray structure (resolution for 434 Cro protein is 2.35 A Ê ) but the r.m.s. is within the range of r.m.s. errors for structural alignments between homologous proteins. The energy of the model structure calculated using the original Hamiltonian is comparable to the energy of the region 27 to 65 of the native structure and is higher by 15%. The largest r.m.s. value is observed in the region of residues 42 to 44 which corresponds to the bend / b turn and is dif®cult to rebuild.
Local-global consistency as a route to minimal frustration and the applicability of principle of minimal frustration to individual foldons If the proteins evolved in the direction of maximizing the relative stability of the native conformations and fast foldability of the protein sequences, then threading the different sequences from the sequence space through the target structure would ®nd the best matching sequence for the given structure. To be consistent, the threading should be based on the energy functions optimized to maximize the rate of folding. In this sense the threading procedure allows us to check how frustrated proteins and protein fragments are. Sequences of most proteins do in fact represent the best matching sequences for the native conformations, since these sequences recognize their native structure as the lowest energy conformation among the large number of alternative alignments (Bryant & Lawrence, 1993; Goldstein et al., 1992b; Koretke et al., 1996) . In the case of foldons or protein fragments it is not clear how many of them would ®nd their native structure and sequence as a lowest energy alignment in the threading procedure.
To ®nd foldons that recognize their own sequence and structure, the sequence of each foldon was translated along the scaffolds from 100 different protein structures. The sequences of these proteins were then threaded through the structure of the target foldon. Altogether, about 5000 alternative structures were generated in both cases. This procedure was repeated for each of the 190 foldons from the data set. Q-scores between target and template structures were estimated according to equation (3) and the lowest energy alignment was taken to be the best one.
A protein molecule can be found in the different conformations depending on the functional state, temperature and pH conditions. We showed that X-ray structures of the sperm whale myoglobin obtained under different states of the heme iron have a native energy difference not exceeding 10%. If the energy of the native conformation of a target foldon is lower or within 10% of the energy of the best alignment of the target foldon sequence with the template structures, this indicates that the foldon would recognize its own structure as the best choice. In this case the corresponding Q-score between the native structure of the foldon and the structure of the best alignment is equal to 1.0. On the other hand, if the best alignment of sequences of template foldons with the structure of the target foldon has a larger energy than the native state of target foldon, we believe the target foldon recognizes its own sequence. A foldon recognizing the sequence or structure of a structurally similar foldon would have a Q-score very close but not equal to 1.0. We use Q 0.9 as a upper bound for selfrecognition.
As a result of the current sequence-structure threading procedure, 41% of all foldons recognize their own structure while 11% of foldons recognize their own sequence. About 50% of all foldons from the data set pick up neither their sequence nor their structure as a lowest energy alignment. Thus, if we limit ourselves by considering only individually non-frustrated foldons then the size of the existing foldon database would be reduced by half. Figure 4 . Distributions of the relative folability (Â) for the foldons with different Q values. The distribution of Â of foldons from the ®rst group with the average Q > 0.9 is shown with the shaded area. The distributions corresponding to the Q < 0.5 is indicated by the empty box. The maxima of distributions are considerably shifted with respect to each other and the Â-axis. Distribution of Â for the foldons from the second group with 0.5 4 Q 4 0.9 is centered between the above mentioned distributions and is not shown for visual clarity. The average Q-value is calculated as the average between two Q-scores. The ®rst Q-score is estimated between the native structure of the target foldon and the structure of the best alignment of the sequence of the target foldon with alternative structures. The second value of the Qscore is obtained as a result of alignment of the different unique sub-sequences with the structure of the target foldon. Right terminus boundary of each foldon is indicated as an amino acid number of the C terminus. Subsequent foldon starts at the next amino acid and proceeds till the terminus.
a Proteins whose X-ray structures lack the residues at the beginning or at the end of the polypeptide chain. Effective length of the part of the protein with the determined structure is given.
Foldon junctions were calculated with respect to the beginning and end of X-ray determined protein structures. We found that all foldons can be clustered into three groups with respect to average Q-scores and foldability Â (Figure 4) . The ®rst group contains foldons exhibiting some characteristics of the whole protein such as ability to fold rapidly and to recognize its own sequence and structure. These least frustrated foldons contain largely long-range interactions and describe turns and super-secondary structures. This group is characterized by the high Â values and by Q-scores being larger than 0.9. Boundaries of foldons from the ®rst group are indicated by an asterisk in Table 1 . As can be seen from Figure 5 , the energy gap between the native and ®rst excited state for most foldons from this group is rather large, indicating their low sequence and structure degeneracy. Figure 5 shows the energy distribution of the alternative structures for the third lysozyme foldon. The sequence of this foldon ®ts its own structure rather well since there is a big gap between the native energy and the ®rst excited state. However, we found that the sequence of the fragment 52 to 99 from the a-lactalbumin ®ts the structure of this foldon even better than the structure of lysozyme. These two proteins are very similar in structure and the corresponding Q-score is very close to 1. Foldons from the second group recognize either their own sequence or structure and some foldons from this group pick up the sequence/structure of rather similar foldons as a best choice. A third group comprises highly frustrated foldons with low Â values, which recognize neither their sequence nor their structure (Figure 4) . It is interesting to note that the Q-score can serve as a measure of the ®delity by which foldons recognize themselves and is correlated to their relative foldability Â. In other words sequences which can recognize themselves in a threading algorithm have rather a smooth energy landscape with a deep funnel leading to the ground state.
Discussion
The key notion examined here is that proteins can be decomposed into autonomously folding units which can evolve independently and serve as building blocks in construction of protein structures. In order to estimate the number of structurally different foldons in the protein data base, we performed sequence-sequence and sequence-structure alignments between foldons, and obtained about 2600 foldons in the representative data set. The size of the representative data set is rather sensitive to the cut-off value for structural similarity. Values of the Q-score needed for assigning structural identify cannot be precisely determined, and Q 0.42 may be considered as a lower limit for the cut-off value, indicating that the size of foldon universe would probably exceed 2600 foldons. On the other hand, according to Chothia (1994) , only a small fraction of existing proteins is represented in the Protein Data Bank. Assuming there is no strong bias in the data banks and the number of proteins with the duplicated foldons is not very large, one can obtain approximately 1000 different protein families. Multiplying this number by the average number of different foldons per protein (4.4 AE 2.5) we obtain 4400 different foldon classes. These estimates suggest that our present foldon data set, comprising 183 types of structurally different foldons, represents only a small fraction of the underlying foldon universe. In this sense many families of foldons are not yet represented in our data set. Classi®cations of a-turn-a motifs also show that even for fragments more than 25 residues long, analysis yields very weakly populated families (Wintjens et al., 1996) .
We have shown that the backbones of the major parts of several proteins can be reproduced with an r.m.s. error of about 5 A Ê using foldon matching modelling. The remaining parts of the backbone can be rebuilt using a conventional homology modelling technique. It was demonstrated earlier that using a set of short fragments (3 to 15 residues) one can rebuild the backbone of some proteins with a comparable accuracy to the foldon matching modelling (Rooman et al., 1991; Simon et al., 1991; Levitt, 1992; Unger & Sussman, 1993; Srinivasan & Rose, 1995) . However, short segments are stablizied mostly by local interactions and the recognition signals are statistically insuf®cient for the prediction of protein structures from the amino acid sequences. Long-range interactions in the native structure can be largely de-stabilizing and distort the structures determined solely by the Figure 5 . Energy distributions of alternative structures of the lysozyme foldon (56 to 103) from group I. Alternative structures were generated by two different ways. In the ®rst case (continuous line), energies were calculated by threading the sequence of the target foldon through the structures of 100 proteins from the different classes. In the second case (broken line) sequences of different proteins were assigned to the structure of the foldon. All together 5200 alternative models were generated. The energy of the native structure of the lysozyme foldon (56 to 103) is indicated by the arrow. The large energy gap observed here is typical for the foldons from the ®rst group.
The Foldon Universe local propensities. Therefore, for the purpose of tertiary structure prediction one should use a set of the fragments containing both local and long-range interactions. Accuracy of protein structure prediction by foldon matching has been limited so far by the small size of foldon data sets and would be considerably improved if the procedure of the foldon identi®cation was more effective. The method of prediction by foldon recognition would inevitably face the problem of modelling the interface between foldons comprising mostly long-range interactions. Our preliminary results indicate that interactions between some of the foldons are still rather strong and several foldons should often be considered as a unit. For example, the energy of interactions between third and fourth foldons of sea hare myoglobon which comprise most of the helices E, F, G and H, are large compared to pairwise interactions between other foldons of myoglobin and these two foldons can serve as a single folding unit in the folding process.
We must also point out that predicting the kinetic order of association of foldons may well be complicated on the basis of the present energetic considerations alone. The present algorithm takes into account directly the discrimination problem between relatively compact structures, but it does not include semi-compact or extended structures. The proximity to the collapse transition certainly plays a role in the fast kinetics (Abkevich et al., 1994; Socci & Onuchic, 1994; Klimov & Thirumalai, 1996) .
Analysis of thermodynamic and kinetic properties of the foldons demonstrates that division of proteins into segments, even in an optimal way, does not always produce stable non-frustrated units. We found that only for¯avodoxin, characterized by a high packing density, both foldons mostly contain consistent interactions and are by themselves minimally frustrated. Many other proteins contain only frustrated foldons, even if the entire protein recognizes itself in the threading algorithm. At the same time it has been shown that mean force potentials compiled from the data base of known structures are not able to discriminate between the native and alternative states for proteins with large prosthetic groups and for lipophilic proteins (Hendlich et al., 1990; Huang et al., 1995) . Moreover, lattice calculations show that sequences designed to ®t a given compact structure are much better optimized for their target structures than a protein sequence is optimized for its native conformation (Hinds & Levitt, 1996) .
From our analysis we also see that the native energies of foldons scale roughly with size. The linear correlation coef®cient is equal to 0.7, which re¯ects the signi®cant scatter of the data-points at large N ( Figure 6 ). It is not clear that actual free energies should scale linearly with length even for whole proteins. If all the interactions were stablizing onebody terms would scale linearly with size and the pair-wise interactions would scale linearly with the number of contacts. If proteins or foldons contain a large fraction of destabilizing interactions, the correlation between the actual energies and the number of residues would not be very strong. On the other hand, this may indicate that empirical energy functions and threading procedures need to be improved. We are currently developing algorithms to improve energy functions via explicit inclusion of excluded volume and packing density terms.
Methods

Protein data set and backbone representation
The proteins used in our work represent a wide range of different structural and functional classes and their coordinates are obtained from the Brookhaven Protein Data Bank (Bernstein et al., 1977) . Protein names together with the foldon junctions are listed in Table 1. This Table contains 43 proteins determined with a resolution better than 2.6 A Ê and 190 foldon junctions. Homologous proteins and minor modi®cations of the same protein are not considered and the ®nal protein data base comprise proteins with r.m.s. error of more than 5 A Ê and sequence similarity exceeding 30%.
We used a reduced backbone representation, including C a of the main chain and C b atoms of the side-chains. The secondary structure assignments were computed via the DSSP procedure (Kabsch & Sander, 1983) . Solvent accessibility was calculated using the DMS algorithm from the MIDAS package, where molecular surface was de®ned according to the criterion described by Richards (1977) .
Optimized energy functions
The empirical Hamiltonian used in the threading procedure of the sequence-structure alignment is consistent with the energy function used for foldon de®nition and is comprised of pro®le and tertiary contact terms (Goldstein et al., 1992b) . The pro®le term is a pseudo-one-body energy function: h p AE i g p (A i ,C i ) where g p is de®ned by the identify of the residue, A i and its context C i in the protein, i.e. surface accessibility (inside or outside) and secondary structure (helix, sheet, turn, or coil). A pro®le Hamiltonian does not describe many of the speci®c two-body interactions that give protein structures their speci®city. These are treated by a contact Hamiltonian: We used two different energy functions which differed from each other by the type of optimization. The original energy function was optimized to maximize the stability gap in units of the standard deviation of the molten globule distribution. Misfolded conformations were generated by threading the target sequence through the conformations of structurally different proteins (Goldstein et al., 1992b) . Self-consistently optimized energy functions took into account the partial order of misfolded states (Koretke et al., 1996) . In this case the stability gap represents the energy difference between the folded conformation and thermally occupied minima in the ensemble of the molten globule conformations. Partially folded structures were generated by alignment of trial sequences against known structures. The Hamiltonian with self-consistently optimized gs also included a term based on statistics of backbone hydrogen bonds.
Alignment procedures
To ®nd the best match between sequences, we applied the standard sequence homology technique based on the Smith-Waterman alignment algorithm with a Dayhoff scoring matrix (Waterman et al., 1976) . Sequence-structure alignments were based on the empirical Hamiltonian and implemented in the mean ®eld fashion (Goldstein et al., 1993) . We do not allow for gaps in the sequences and structures of foldons and assume that insertions and deletions occur between independently folding units. In order to identify the sub-sequence compatible with a given structure, we searched for the lowest energy alignment using the NeedlemanWunsch algorithm (Needleman & Wunsch, 1970) with an iterative matrix method of calculation. The elements of the scoring matrix H ii H represent the energy contribution of amino acid A i of target sequence A embedded into location i H of template structure B, the so-called``frozen approximation '' (Godzik et al., 1992) .
Using the scoring matrix H:
we obtain an initial alignment which maps the residue k of sequence A to the residue k H of sequence B (P(k) k H ). Then, the up-dated score representing the energy contribution of residue A i in a new environment can be written as:
The procedure of alignment and calculation of subsequent scoring matrices was repeated and converged within ®ve iterations in most cases.
Criteria of structural similarity
The Q-score, which measures contact pattern similarity, was used to determine the degree of similarity between the structures of target and template foldons (Goldstein et al., 1992a) . The Q-score is calculated using a Gaussian function of the interresidue distance centered at zero with standard deviation of jj À ij 0.15 A Ê and normalized by the number of non-bonded contacts:
Here, r ij r i H j H are the distances between C b atoms of residues i and j of protein A and aligned residues i H j H of protein B, respectively; N A is the length of the target sequence.
Determination of the foldon junctions
Foldon boundaries were determined according to the following criterion (Panchenko et al., 1996) : the polypeptide chain was cleaved after some residue j and the average Â-value of the N-terminal (from the ®rst residue to residue j) and the C-terminal (from residue j to last residue) segments was computed using Â j (Â N,j Â j,c )/2. The cleavage point was then moved along the chain, and the position of the ®rst local maximum of Â located the boundary of the ®rst foldon. The cleavage procedure is repeated, with each subsequent foldon beginning where the previous one was assumed to end. We believe that the data-based energy functions used here are close enough to actual free energies such that the calculated foldons are good ®rst approximations to the physico-chemical folding units.
